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Neuro-Symbolic Reasoning (1)
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Neuro-Symbolic Engineering (2)
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CaseFlow
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Causality-Guided Spurious Evidence Pruning with GFlowNet
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Phasel: Subgraph Extraction & Dense Evidence Chunking
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Causality vs Diversity Trade off
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« Path-level Shortcut Learning
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« Path-based Weak Supervision in Graph RAG (Shortcut Learning)
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» State Space Explosion in Generative Reasoning
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CaseFlow

Under Review

Phasel: Subgraph Extraction & Dense Evidence Chunking

Questions: Which province contains the city

$ Chunk Graph
where Elon Musk was born? CausalEncoder Node Profile (G.: Chunk level State Space)
| Philadelphia | | P ylvania I 1 fb].r‘l];[ --------------------- . Musk
— Pathl: Elon Musk 22 ° Pretoria o
e ~contained by i - place of birth . ot B
—a\w orne i = ;o . . place o nationality
- M Path2: Pretoria gontalediby : South Africa Pretoria : : P . South
headqua:ters LIJStll‘thlon 1 nationality retoria 1
contam,ed by ined by | ined b South Africa
ounders El Path3: Pretoria —22°C Y | Gaute South || containec by " :
M‘f e place Of r1a ' ! ne Africa United SUIREE e T
; Stat United =L Iy
re:].dence ndnonajm . contamed by contained by | _ . . a = States contained by
Texas C{)ﬂtal.lle Unied - e Path4: Upenn : Philadelphia el Thitezi]
o : | i States
t d by | . AL
-States -Afnca Pathd: Upenn oo Y} Pennsylvania . . :
“+ Subgraph Gg S Local Chunking Each Relation Branch

J

Phase2: Chunk-level Flow-guided Preference Optimization

)";,l%é Frozen

F(sg)/F(s1)

-

P(T,) < R(T;)

&

P(T3) < R(T3)

P(Ty) < R(Ty)

Low €— Chunk Reward—> High

F(sn) > F(sm)

F(sm) > F(sn)

F(sg)/F(sz2)

Preference Learning

\

a Trainable
@ State space(Gy)

J High-reward state

6 Chunks
Policy head . -
Tig Topological Readout /' Preferred transition
Topic:ElonMusk oo TTTTmmmmmmmmEO
Valu; head ‘et Elon Musk was born
¢

in Pretoria, which 1s

|1.1_ (Pretoria, contained by, Gauteng) | in Gauteng proviace

[1.2. (Pretoria, contained by, South Africa)|

1
1
1. (Elon Musk, place of birth, Pretoria) '
1
]
1
1

/

Konkuk university

31

Graph & Language Intelligence Lab.



Thank you for listening

Jinho Choi(%]|%12)
jinho159@konkuk.ac.kr
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